Proteomics is a valuable tool for establishing and comparing the protein content of defined tissues, cell types, or subcellular structures. Its use in non-model species is currently limited because the identification of peptides critically depends on sequence databases. In this study, we explored the potential of a preliminary cDNA database for the non-model species Pisum sativum created by a small number of massively parallel pyrosequencing (MPSS) runs for its use in proteomics and compared it to comprehensive cDNA databases from Medicago truncatula and Arabidopsis thaliana created by Sanger sequencing. Each database was used to identify proteins from a pea leaf chloroplast envelope preparation. It is shown that the pea database identified more proteins with higher accuracy, although the sequence quality was low and the sequence contigs were short compared to databases from model species. Although the number of identified proteins in non-species-specific databases could potentially be increased by lowering the threshold for successful protein identifications, this strategy markedly increases the number of wrongly identified proteins. The identification rate with non-species-specific databases correlated with spectral abundance but not with the predicted membrane helix content, and strong conservation is necessary but not sufficient for protein identification with a non-species-specific database. It is concluded that massively parallel sequencing of cDNAs substantially increases the power of proteomics in non-model species.
Introduction
The first sequenced plant model species, Arabidopsis thaliana (thale cress), was chosen not only for its relatively small genome, but also for its small size and rapid life cycle that make it amenable to genetics (Meinke et al., 1998; Somerville and Somerville, 1999; TAGI, 2000) . In addition, a large collection of mutants is available, including sequence-indexed insertion mutants that facilitate both forward and reverse genetics approaches (Jander et al., 2002; Parinov and Sundaresan, 2000) . However, due to its small size, the presence of a range of secondary metabolites, and the lack of established protocols for isolation of subcellular organelles, Arabidopsis does not always represent the ideal model system for, e.g., organellar proteomics. Proteomics is as a valuable tool for establishing the protein complement of cells and subcellular structures Baginsky et al., 2004; Dunkley et al., 2006; Heazlewood et al., 2004; Ito et al., 2007; Kleffmann et al., 2006; Lilley and Dupree, 2006; Peltier et al., 2004; von Zychlinski et al., 2005; Ytterberg et al., 2006) , especially since the prediction capability of bioinformatics approaches proved insufficient for large scale annotation of organelle proteomes (Jarvis, 2004; Millar et al., 2006; Reyes-Prieto et al., 2007) . In addition, multiple targeting of proteins has been documented frequently (Duchene et al., 2005; Millar et al., 2006; Taira et al., 2004) and recently also non-canonical targeting of proteins to, e.g., chloroplast via the secretory system (Miras et al., 2002 (Miras et al., , 2007 Radhamony and Theg, 2006; Villarejo et al., 2005) . In contrast to Arabidopsis, the garden pea (Pisum sativum) is excellently suited for organelle isolation and biochemical studies of enzymes and established protocols for organelle isolation are available in the literature (e.g., Corpas et al., 1999; Miflin and Beevers, 1974; Tobin, 1996) . Unfortunately, little is known about the power of proteomics in non-model species for which no extensive sequence database is available. Current peptide identification technology relies on the generation of ideal mass spectra from theoretical libraries. A sequence database is translated in six frames and the resulting protein sequences are in silico digested with trypsin. The resulting peptides are used to calculate an ideal mass spectrum. If an observed spectrum matches a theoretically predicted spectrum with a certain probability the corresponding peptide is called "identified". This method of identification demands a perfect sequence match between the sample peptide and the database peptide, although some programs, such as implementations of the X!-Tandem software (Craig and Beavis, 2004) , allow the inclusion of single amino acid mismatches. Allowing more than one mismatch increases the error rate and the time required for the search. With increasing evolutionary distance, perfect matches become less likely even between highly conserved proteins, in particular since conservative changes, such as aspartate to glutamate will already cause a spectral mismatch. In contrast, low quality databases, such as the one discussed in this communication, limit the identification of peptides either by sequencing and assembling errors causing amino acid changes in predicted peptides or by not providing enough peptide coverage for correct identifications due to short contigs. De novo sequencing of peptides is considered too slow and limited by computing time for high throughput applications Pevtsov et al., 2006) . Currently, the identification of proteins from nonmodel species with limited sequence coverage frequently relies on databases generated from closely related species (Schmidt et al., 2007) or indeed all sequences that are available in public databases (Taylor et al., 2005) although this method will especially limit the identification of less conserved proteins.
It is has been recently proposed to use massively parallel pyrosequencing to fully explore the potential of proteomics in non-model species such as pea . In this study, we systematically assessed the potential and limitations of massively parallel pyrosequencing to support proteomics applications. To this end, we compared proteomics based on a low-coverage transcriptome sequence database of the garden pea consisting of many short sequence contigs with frequent frameshift errors with a conventionally created and fairly comprehensive cDNA database of a closely related model species (Medicago truncatula), and with a high-quality, virtually error-free database generated from a completely sequenced model species (Arabidopsis thaliana). We established the limitations of each database and we tested how the degree of conservation, the abundance of mass spectra generated from a particular protein, and the number of transmembrane domains influence the odds for successful protein identification using a non-species-specific database. Finally we discuss the consequences of interpreting the proteomics sample based on the different database results.
Material and methods

Massively parallel pyrosequencing and generation of sequence databases
Three different databases were generated for proteome analyses. For the generation of the pea transcriptome database, one non-normalized and several normalized libraries were generated and sequenced using massively parallel pyrosequencing technology (Margulies et al., 2005) . The preparation of cDNA libraries was conducted as described previously , with the exception that some libraries were normalized to decrease the proportion of highly abundant transcripts. To this end, 1 g of double-stranded cDNA was normalized using a commercial kit (Trimmer-kit, Evrogen, Moscow, Russia) that is based on Kamchatka crab duplex-specific nuclease (Zhulidov et al., 2004) . Following normalization, the cDNA populations were amplified by PCR and 3 g of the resulting PCR-amplified cDNA was used per sequencing reaction. One cDNA library was generated from leaves and one from hypocotyl. Five preparations generated from the leaf library (four normalized, one non-normalized) and one preparation from the hypocotyl library (normalized) were sequenced using a Roche/454 GS20 instrument. This technology delivered an average read length of 100 nts. Two additional libraries from etiolated and de-etiolated (4 h light) leaves were sequenced on a half plate each, using a GS FLX instrument, which allowed for average read lengths of 250 nts. The preliminary pea database used in the reported work was assembled from approximately 2 million pyrosequencing reads with a total of about 230 million nucleotides. The pyrosequencing reads were combined with publicly available pea cDNA sequences from Genbank and the IPK Gatersleben EST database. All sequences, except the full-length and partial mRNA sequences from GenBank, were subjected to QA using the SeqClean EST trimming and validation tool cDNAs and ESTs were clustered and assembled using the TGI Clustering Tools (TGICL) in a multi stage pipeline. The sequence reads were loosely clustered with a modified version of megablast (Zhang et al., 2000) and subsequently the clusters were submitted to the CAP3 sequence assembling program (Huang and Madan, 1999) . All programs are available at http://compbio.dfci.harvard.edu/tgi/software. 1,570,251 reads (80% of the total) were assembled into 135,250 contigs. For the proteome analysis, only contigs longer than 100 basepairs were used. The pea cDNA database is currently undergoing further development and a detailed description of the pea cDNA sequence database and its assembly will be reported in an upcoming manuscript (Shrestha et al., in preparation) . The Medicago database was based on the M. truncatula gene index of tentative consensus sequences assembled by TIGR, currently maintained at the Dana-Faber Cancer Institute and Harvard Medical School of Health (http://compbio.dfci.harvard.edu/tgi/cgibin/tgi/gimain.pl?gudb=medicago). For the Arabidopsis database the latest Arabidopsis proteome annotation from the TAIR7 (www.arabidopsis.org) genome release was used. All pea cDNA contigs matching one or multiple mass spectra are provided as supplementary material to this article.
Processing of proteomics samples
As a proteome sample, chloroplast envelope membranes were isolated from 10 to 14 days old pea plants as described previously (Douce and Joyard, 1979; Keegstra and Yousif, 1986) . Envelope membrane samples (approx. 100 g of protein) were mixed with SDS-PAGE loading buffer, incubated for 20 min on a reaction tube shaker at 15 • C, and subsequently separated by 12.5% SDS-PAGE. After staining with Coomassie Brilliant Blue, each gel lane was cut into ten equally sized slices. Proteins contained in the gel slices were subjected to tryptic cleavage as described by Shevchenko et al. (1996) . Extracted peptides were automatically loaded onto a Waters Symmetry C18 peptide trap (5 m, 180 m × 20 mm) at a flow rate of 4 L/min in 2% acetonitrile/0.1% formic acid for 5 min by a Waters nanoAcquity Sample Manager. The peptides were eluted onto a Waters BEH C18 nanoAcquity column (1.7 m, 100 m × 100 mm) and eluted over 90 min using a Waters nanoAcquity UPLC into a ThermoElectron LTQ-FTICR mass spectrometer with a flow rate of 300 nL/min (Buffer A = 99.9% water/0.1% formic acid, Buffer B = 99.9% acetonitrile/0.1% formic acid: gradient of 5% B to 40% B from 0 to 63 min, 40% B to 90% B from 63 to 71 min and 5% B from 71 to 90 min). The top ten ions of each survey scan, which were taken at a resolution of 50,000, were subjected to automated low energy collision induced dissociation. The resulting MS/MS spectra were converted to a peak list using BioWorks Browser v 3.2. This empirical mass spectra library of 27,443 queries was compared to three databases with sequences from Arabidopsis thaliana, Medicago truncatula and Pisum sativum, respectively, using the Mascot searching algorithm, v 2.2 (www.matrixscience.com). Carbamidomethyl cysteine was set as a fixed peptide modification and oxidation of methionine was allowed. Up to two missed tryptic sites were allowed. The peptide tolerance was set to ±10 ppm and the MS/MS tolerance to 0.8 kDa. All proteomics data has been submitted to the PRIDE database (http://www.ebi.ac.uk/pride/) and is accessible under the accession number 3227.
Analysis of proteomics data
The Mascot output was loaded into the program Scaffold (www.proteomesoftware.com) which calculates protein identification probabilities based on PeptideProphet and ProteinProphet (Keller et al., 2002; Nesvizhskii et al., 2003) . The protein identification threshold was set to 99% probability for all databases and at least two unique peptides for each protein ("stringent criteria") or to 99% probability for at least one database with lesser probabilities allowed for the other databases on the same protein and one unique peptide for each protein ("relaxed criteria"). For further analysis the data was exported to MS Excel. For each protein identified, the sequences in both the pea database as well as the Medicago database were mapped to the Arabidopsis proteome using BlastX (Altschul et al., 1997) and the Arabidopsis gene identifier (AGI) of the closest homologue was noted. Based on its closest Arabidopsis homologue, the protein was annotated and the predicted number of membrane spanning helices was retrieved from TAIR. In cases where the AGIs obtained from the three different identification strategies did not match, the identifications were manually inspected and priority was given to the identification with the highest probability score. For identical probability scores the highest number of unique peptides mapped to a protein was declared the correct identification. When multiple sequences were matched to the same spectra, identifications were either called "mistaken" if none of the matches were identical to the protein identified correctly in the other databases or "multiple" if one of the proteins was identical to the correct match determined as outlined earlier.
The complete list of proteins was collapsed into a non-redundant list based on the AGIs with sequences yielding the same hit in the BlastX hit being summed as the same protein.
Results
Properties of the cDNA sequence databases
The characteristics of a low-coverage pea cDNA database generated by limited pyrosequencing were compared to two databases generated with conventional sequencing technology. The pea cDNA sequence database contained more than 31,000 relatively short contigs. About 29,000 contigs were between 300 and 1000 nts in length, about twice as many in this length category as in the Medicago (http://compbio.dfci.harvard.edu/tgi/cgi-bin/tgi/ gimain.pl?gudb=medicago) and an Arabidopsis transcriptome databases (http://compbio.dfci.harvard.edu/tgi/cgi-bin/tgi/gimain. pl?gudb=arab) (Fig. 1) . In contrast, contigs between 1 and 2 kb were massively underrepresented (1697 contigs) in the pea database in comparison to the Medicago database (6224 long contigs) and the Arabidopsis database (13,033 long contigs) and contigs longer than 2000 nts were almost absent from the pea database (Fig. 1) . In addi- tion to having shorter contigs, many pea contigs, when translated in all six frames, apparently contained frameshifts that are likely due to assembly or base calling errors (see Supplementary File of pea contigs).
The Medicago database consisted of the tentative consensus sequences (TCs) assembled from EST projects from M. truncatula. Medicago is being developed as a model legume species and is hypothesized to serve as a research template for the garden pea. The Medicago TCs were comprised of about 36,000 unique sequences. About one half of these sequences were tentative consensus sequences that represent contigs consisting of several ESTs and the other half were singletons. The length distribution of the Medicago TCs was more similar to that of the Arabidopsis transcriptome database and the sequence quality judged from open reading frame annotation software was high (http://compbio.dfci.harvard.edu/tgi/cgibin/tgi/gimain.pl?gudb=medicago). While both the Arabidopsis and Medicago databases contain similar numbers of cDNA sequences that are shorter than 1 kb, the Medicago database contains only half as many sequences between 1 and 2 kb, and only one-tenth for transcripts longer than 2 kb (Fig. 1) . The Arabidopsis proteome derived from the TAIR7 build of the completely sequenced genome served as an example for a completely sequenced genome. The capability of the new pea database to reliably identify proteins despite its obvious shortcomings was compared with the capabilities of the databases of M. truncatula and A. thaliana.
Performance of the databases in proteomics
A pea chloroplast envelope membrane proteome sample was analyzed using the sequence databases described above. To identify the most advantageous database and program parameters for protein identification, we employed a factorial approach. An empirical library of uninterpreted mass spectra was generated from a single proteomics experiment of pea chloroplast envelope membranes. This particular sample was chosen because it represents a relatively minor share of the total cellular proteome and because it contains a large number of highly hydrophobic membrane proteins and thus represents a challenging target for protein identification. In addition, several proteomic studies of chloroplast envelope membranes from a range of plant species have been published, thus providing good references for comparison. All three databases described above were matched to the empirical spectra library using either stringent or relaxed criteria. For both criteria, the largest number of proteins could be identified with the pea database, followed by Medicago and Arabidopsis. Applying stringent criteria, a total of 8222 spectra were matched to 255 non-redundant proteins using a combination of all three databases. A list of all identifications can be found in Supplementary Table 1 and a non-redundant list of identified proteins in Supplementary Table 2 . Under stringent conditions the pea database allowed matches of 5012 spectra against 221 non-redundant proteins (86% of the total). On average each protein was identified by 23 spectra with up to 362 spectra per protein (Table 1 ). The Medicago database yielded 1977 matched spectra on 125 proteins (49% of the total). With only 32% or 82 proteins the Arabidopsis database allowed the fewest matches. With relaxed criteria the total number of proteins identified using a combination of all three databases increased to 283 and 8892 spectra were matched. In the pea database, the relaxed criteria allowed for 5139 matching spectra, but a large number of proteins that were identified with only a few spectra caused the average number of spectra per protein to drop to 20. The Medicago TC database yielded 2198 spectra mapping to 203 proteins, almost 72% of the total. The A. thaliana database yielded the lowest number of identified proteins, with only 165 proteins or 58% of the total (Table 1 ). There were 36 proteins which could not be identified with the pea database but yielded significant identifications with at least one of the other databases. Eight of these proteins are encoded on an organelle genome (Supplemental Table 2 ). Six proteins were very similar to closely related proteins, which were present in the pea database and were identified. For nine of these proteins corresponding sequences were absent from the pea database. The remaining 12 proteins remained unidentified with the pea database although corresponding sequences were contained in the database, as indicated by Blast searches against the database.
Abundance of mass spectra is positively correlated with correct protein identification in non-species-specific databases
With both non-species-specific databases 51% or 68% of the proteins could not be identified when stringent criteria were applied. We next investigated whether there are protein characteristics that might serve as predictors of identification probability in the nonspecies-specific databases. Although the correlation between the spectral count and the abundance of a protein in not absolute, the spectral count has been used successfully to estimate protein abundance (Liu et al., 2004; Lu et al., 2007; Zybailov et al., 2005) . The proteins in the pea database were arranged into five groups based on the abundance of their matching mass spectra. More than half of the protein identifications using the pea database were based on two to ten spectra, whereas only 3.6% of the proteins were identified with more than 100 spectra each. For each abundance class, the percentage of proteins that could also be identified with the Medicago and the Arabidopsis databases were plotted (Fig. 2) . The abundance of spectra as determined by the spectral count obtained with the pea database correlated with the identification rate with non-species-specific databases (R 2 > 0.95). With the Medicago database almost all of the proteins represented by more than 100 mass spectra could be identified whereas only 38% of the proteins with a spectral count below 10 were identified. With the Arabidopsis database about two thirds of the proteins with a high spectral count were identified and the identification rate dropped to 17% for proteins that had spectral counts of less than 10 (Fig. 2) .
Protein hydrophobicity is a poor predictor for correct protein identification
We also tested whether the presence of transmembrane helices adversely affected the probability that a protein was identified using a non-species-specific database as has been proposed by (Eichacker et al., 2004) . Proteins that were identified using the pea database were grouped according to the number of predicted membrane spanning helices (none, one, two, three, four to six, more than seven) and the presence of beta sheets. More than half of the proteins identified with the pea database were not predicted to contain transmembrane helices and the other groups contained 2.3-16.8% of the proteins. For each group the percentage of proteins that could also be identified with the non-species-specific databases was plotted (Fig. 3) . Unlike protein abundance as deduced from spectral counts, the number of predicted transmembrane helices is of less predictive value for identification rate since no correlation was observed between the number of transmembrane domains and the probability for identification using a non-species-specific database. However, among the proteins with more than 7 predicted membrane spanning helices only 1 (Medicago database) or none (Arabidopsis database) was identified out of 10 proteins identified with the pea database. Fig. 2 . The number of spectral counts detected for a protein is correlated with the rate of identification. Proteins in the pea database were grouped by spectral abundance and the percentage of proteins also identified with the non-species-specific databases was plotted. The following absolute numbers equal 100%: >100 spectral counts eight proteins, 50-99 spectral counts 14 proteins, 20-49 spectral counts 44 proteins, 10-19 spectral counts 43 proteins and <10 spectral counts 111 proteins. Fig. 3 . The number of predicted membrane spanning helices for a protein is not correlated with the rate of identification. Proteins in the pea database were grouped by predicted membrane spanning helices and the percentage of proteins also identified with the non-species-specific databases was plotted. The following absolute numbers equal 100%: no predicted transmembrane helices 111 proteins, 1 predicted transmembrane helix 37 proteins, 2 predicted transmembrane helices 24 proteins, 3 predicted transmembrane helices 7 proteins, 4-6 predicted transmembrane helices 26 proteins, 7-13 predicted transmembrane helices 10 proteins, predicted beta sheets 5 proteins.
Analysis of abundant non-identified and of wrongly identified proteins
Although proteins with more matching spectra in the pea database had a higher probability to be also identified with the non-species-specific databases, many of the 15 proteins with the highest number of spectra could only be identified with the speciesspecific database ( Table 2 ). The Medicago database did not allow the identification of the small subunit of RubisCO and a chaperonin, and a hydroperoxide lyase and the triosephosphate phosphate translocator (TPT) did not pass the stringent threshold for identification probability (p < 0.01). With the Arabidopsis database both the hydroperoxide lyase and the small subunit of RubisCO remained unidentified whereas the TPT, two components of the protein import complex, Toc159 and Toc34, a carbonic anhydrase and an unknown protein did not pass the probability threshold ( Table 2 ). The sequences of TPT, which was not identified with the Medicago and the Arabidopsis databases, and of malate dehydrogenase (NAD-MDH), which was identified with all three databases, were aligned (Fig. 4) and the tryptic fragments were determined. PsTPT is highly similar to both AtTPT (77.5% identity and 14.5% similarity) and MtTPT (92.8% identity and 14.5% similarity). The same is true for PsNAD-MDH and AtNAD-MDH (73% identity and 18.6% similarity) and PsNAD-MDH and MtNAD-MDH (91.7% identity and 3.9% similarity). Despite the high degree of sequence identity AtTPT shares only one and MtTPT only six tryptic peptides with the pea protein. The TPT peptides from the empirical spectra library were mapped onto the aligned sequences. All but one of the TPT peptides that generated mass spectra contained at least one amino acid exchange with respect to Medicago or Arabidopsis (Fig. 4) . In contrast, 16 peptides of the Medicago NAD-MDH exactly matched the pea peptides. For 13 of those 16 theoretically predicted peptides mass spectra were detected experimentally, thus permitting reliable identification of the protein using the Medicago database. Only four tryptic peptides of the Arabidopsis NAD-MDH matched the pea protein sequence, but since for two of them mass spectra were experimentally detected the protein could still be reliably identified (Fig. 4) .
When the successful protein identifications were compared between the three databases, several non-matching identifications were revealed (Fig. 5) . Manual inspection of the peptide sequences, the peptide probability scores, and the protein coverage indicated that one of the identifications is likely correct. With stringent criteria none of the identifications with the pea database appeared to be invalid compared to the non-species-specific databases. Using relaxed criteria, two proteins were erroneously identified. Peptides for the large subunit of RubisCO were mistakenly annotated as part of a RubisCO-like protein of unknown function encoded on the mitochondrial genome. A second misidentification is of the root glutamate synthase (GLU2) instead of the leaf glutamate synthase (GLU1). Using the Medicago database, 24 proteins were erroneously identified with relaxed criteria and in three cases the peptide with matching spectra is part of more than one protein and therefore yields multiple identifications of proteins only one of which is correct. Sixteen of the misidentified proteins are closely related to the correct protein and eight identifications corresponded to completely different protein. Unlike with the pea database, even indicates that a high degree of conservation is necessary but not sufficient for successful identification with a non-species-specific database; peptides identified by the pea database are bold and underlined; predicted cut sites for trypsin are shaded in grey in the pea sequence; theoretical cut sites for the Arabidopsis and Medicago proteins are in conserved positions except for one amino acid substitution which destroys the cut site in AtMDH. under stringent conditions, 15 misidentifications persisted. With the Arabidopsis database 29 proteins were mistakenly identified when relaxed criteria were used and eight multiple identifications existed. More stringent criteria still resulted in five misidentifications and in one peptide, which identified multiple proteins, but all persisting misidentifications identify closely related proteins (for details see Supplementary Table 2 ).
Discussion
The results presented in this paper indicate that the prospects for identifying proteins from a species with limited sequence resources by proteomics can be massively increased by generating a species-specific transcriptome database by MPSS, even if the resulting database is of low quality, compared to sequence databases generated by conventional sequencing. When non-species-specific databases are used, the odds for protein discovery are limited, and the probability to identify a protein can be predicted by its abundance but not by its content of membrane spanning helices. Strong sequence conservation is necessary but not sufficient to identify a protein with a non-species-specific database. Especially when the identification criteria are relaxed to allow imperfect matches and therefore more protein identifications with non-species-specific databases, the identifications are more prone to erroneous identifications.
Our initial expectation was that both short contig length and the relatively high rate of sequencing errors that are characteristic to low-coverage MPSS projects would severely limit the prospects for successful protein identification. Unexpectedly, however, the pea database developed in this study was superior to the tested non-species-specific databases with regard to the rate of protein discovery and the quality of identifications despite being of low quality and low coverage, as compared to conventional databases. Not only more proteins were identified but also the average number of spectra mapping to each protein was higher (Table 1) . The advantage of species specificity clearly outweighs the quality issues of the database. Only 10-14% of the total proteins identified remained unidentified with this database. Detailed analysis of these nonidentified proteins revealed that organelle-encoded proteins are overrepresented (22%) among those not identified with the pea database, as compared to the overall proportion of identified proteins that are encoded in organelles (4%) (Supplemental Table 2 ).
Since the mRNA-isolation protocol used in this study included two consecutive rounds of poly-A+ purification and because reverse translation of mRNA into first strand cDNA was primed by oligo-dT, it is likely that transcripts from organellar genomes are underrepresented in the sample, as reported previously . For nuclear encoded proteins, sequences could not be identified for nine proteins in the pea transcriptome database and for seven additional proteins the corresponding nucleotide sequences were either short or fragmented into multiple unassembled short contigs, thus demonstrating how an unfinished MPSS-generated sequence database limits proteomic identification technology if the sequence contigs are too short. Incidentally, most of the contigs in the pea database are shorter than 1 kb with the majority being shorter than 400 nts (Fig. 1) . This translates into a stretch of approximately 140 amino acids, assuming that no 5 or 3 -UTRs are contained in the sequence. Depending on how the tryptic fragments map onto the short sequence, the identification probability can probably be too low to identify proteins reliably. This problem is currently being addressed by generating additional sequence coverage and new assembling methods for the short and midrange sequence reads obtained by the MPPS technology. The recently released GS FLX instrument produces sequence reads that are 2.5-times longer as the sequence reads of the GS 20. In addition, preliminary tests showed that including a second, less stringent clustering step in the assembly pipeline might serve to produce longer contigs that are more suitable for proteomics applications although this may aggravate the problem of frameshift errors during assembly. In conclusion, the analysis of the proteome sample with several databases served to determine the quality of the sequence database for proteomics. Since it was less likely for proteins to be identified with non-species-specific databases the presence of such identifications indicated that the species-specific database could still be improved.
Considering the multitude of short contigs (Fig. 1 ) and the presence of sequencing errors that resulted in frameshifts (Supplementary Data File) it was surprising that, with both databases from model species, fewer proteins were identified than with the novel pea database (Table 1 ). The Arabidopsis database represents a completely sequenced genome that is well annotated and presumably complete. Although the evolutionary split between the genome of P. sativum and A. thaliana occurred about 100 million years ago (Wikström et al., 2001) , we hypothesized that the degree of conservation might be sufficient to identify most proteins, albeit with a lower peptide count, especially given that the database is complete. Surprisingly, the Arabidopsis database only allowed the identification of 32% of the proteins relative to all databases combined. Notably, in a previous chloroplast envelope proteomics study that used spinach chloroplasts and mostly non-species-specific sequences for identification only 50 proteins (25% compared to this study and 15% compared to (Froehlich et al., 2003) ) were identified in total, amongst them 21 membrane proteins with more than 4 membrane helices . The phosphate translocators that were identified in this previous study were limited to those for which species-specific sequences were available in public databases at that time. In addition to the Arabidopsis database a more closely related model species database was tested for its performance in a proteomics application. M. truncatula and P. sativum are close relatives in the subfamily Papilionoideae which separated about 25 million years ago (Lavin et al., 2005) , which is equivalent to the evolutionary distance between Arabidopsis and the Brassica species (Yang et al., 1999) , and both microsynteny and macrosynteny between the genomes have been demonstrated (Gualtieri et al., 2002; Kalo et al., 2004) . Medicago is being developed as the model legume species, also serving as a research template for pea. Since the evolutionary distance between Medicago and pea is smaller than between Arabidopsis and pea, we hypothesized that the Medicago database would allow for the identification of more proteins. Indeed, the Medicago database allowed the detection of half of the proteins under stringent conditions, although the average number of spectra detected for each protein was only 50% of those obtained with the pea database. Although the number of sequence contigs longer than 1 kb is significantly lower in the Medicago database than in the Arabidopsis database (Fig. 1) , indicating that a large portion of the available sequences do not represent full length cDNAs, the Medicago database is more successful than the Arabidopsis database in identifying chloroplast envelope proteins (compare to Table 1 ). Based on the quality of the databases and the number of proteins that could be identified, we conclude that evolutionary distance imposes a higher penalty for protein identification than does the quality of the sequence database. This underscores the inability of current peptide identification software for proteomics applications to tolerate amino acid mismatches between the theoretically and experimentally generated spectra especially when stringent identification criteria are applied.
We hypothesized that relaxed identification criteria may allow imperfect matches for peptides and might thus enhance the identification rate for both the Medicago and the Arabidopsis database. Relative to the total number of proteins identified, 58% of proteins could be identified with relaxed criteria compared to 32% with stringent criteria with the Arabidopsis database and 72% compared to 49% with the Medicago database. Unfortunately, the relaxed identification criteria also lead to a high number of mistakenly identified proteins and the identification of multiple family members that shared a single conserved peptide. In conclusion, although allowing protein identifications with a single peptide match and low scoring peptides could increase the coverage, the high number of mistaken and multiple identifications make this strategy inadvisable for increasing the number of protein identifications.
The experiment clearly established the value of a speciesspecific database, even if it was of low quality ( Fig. 1) , for proteomics identification technologies. Since many projects will have to rely on sequence databases of related species, we tested several parameters to determine what limits the identification. Theoretically, for any successful identification under stringent criteria, a protein must yield at the least two fragmented peptides whose spectra match theoretical spectra from the library. Frequently a higher number of unique peptides are identified for more abundant proteins and the likelihood, that a least two completely conserved peptides are present among them, increases. Accordingly, the abundance of spectra and the identification rate were indeed closely correlated (Fig. 2) . The correlation was not absolute though; we found that extremely abundant proteins, such as the TPT, were only identified with the pea database (Table 2) whereas about one third (Medicago database) to one-fifth (Arabidopsis database) of low abundance proteins could still be identified with a non-speciesspecific database (Fig. 2) . Conserved structural features of proteins may also limit identification. Proteins with comparatively high numbers of membrane spanning helices and underrepresented recognition sites for trypsin are harder to identify than soluble proteins since there are frequently less spectra available for matching to the respective database (Eichacker et al., 2004) . When the proteins identified in this study were grouped according to their predicted membrane helix content and the ratio of proteins identified with the non-species-specific databases relative to the pea database was plotted, however, no correlation was observed (Fig. 3) . Possibly, the sample size with two databases and a limited number of membrane proteins was too small to reveal a correlation. Since highly hydrophobic proteins with more than seven transmembrane helices, such as the TPT (Weber et al., 2005) , could not be identified with the non-species-specific databases, any analysis of a mem-brane proteome will likely critically depend on the availability of a species-specific sequence database.
Finally, we studied several of the abundant proteins that were identified in all three databases and the proteins that remained unidentified in the Medicago and the Arabidopsis database. As an example for an abundant membrane protein, TPT, which remained unidentified in the non-species-specific databases, was compared with the soluble protein NAD-MDH that was identified with all three databases. Although the TPT orthologues are slightly more conserved than the NAD-MDH orthologues, the mass spectra generated from TPT could not be mapped onto the sequences provided by the Medicago and Arabidopsis databases. For Arabidopsis, only a single tryptic peptide is completely conserved between the corresponding pea and Arabidopsis proteins; hence the protein could not be identified with confidence. Although the Medicago sequence shares six tryptic peptides with the pea sequence, only one of these peptides was matched to the empirical spectra library, which is not sufficient for a significant identification with stringent criteria. Two of the conserved peptides are longer than 23 amino acids and two are very short, which might be the reason why spectra corresponding to these peptides were not experimentally detected. NAD-MDH could be identified with all databases since matching spectra were generated from the protein. A high degree of conservation is necessary but not sufficient for a successful identification of a protein with a non-species-specific database since a single amino acid exchange will preclude a peptide match.
The reduced information caused by using a non-species-specific database hampers the interpretation of the data. To visualize this fact, proteins identified with each database were drawn in identical positions onto a schematic representation of a chloroplast. The likely mitochondrial and endomembrane system contaminants were also drawn on the corresponding structures (Fig. 6) . As expected from the reduced number of proteins identified with the Arabidopsis and Medicago databases, the total number of membrane proteins and contaminating proteins is also lower. The Arabidopsis database identified no protein likely to reside in the endomembrane system. Hence one would conclude that there is no contamination from this source, although both the Medicago and the pea database reveal that there is at least one protein present that is believed to reside in the endomembrane system. In the extreme case of the Arabidopsis database used to analyze the pea chloroplast envelope proteome, none of the transport proteins catalyzing the major metabolite fluxes across the envelope (see Weber, 2004; Weber and Fischer, 2007 , for recent reviews) could be identified. With the pea database all transporters for phosphorylated sugars that are predicted to reside in the inner envelope of chloroplasts were identified: the triosephosphate, the phosphoenolpyruvate, and the pentosephosphate/phosphate translocators Weber et al., 2004) whereas only the pentose phosphate translocator could be identified with the Medicago database. The two translocator system for importing 2-oxoglutarate and exporting glutamate could also be identified only with the pea database (Renné et al., 2003; Reumann and Weber, 2006; Schneidereit et al., 2006; Weber and Flugge, 2002; Weber et al., 1995) . A plastidic ADP/ATP translocator (Möhlmann et al., 1998; Neuhaus et al., 1997; Reiser et al., 2004) could be identified with all three databases as well as several members of the mitochondrial carrier family that have previously been shown to be targeted to chloro- Fig. 6 . Non-species-specific databases limit the discovery of new proteins and the interpretation of known proteins in the pea chloroplast envelope proteome sample.
plasts (Bedhomme et al., 2005; Bouvier et al., 2006; Picault et al., 2004) . At least one member of the potassium proton exchanger family (Maser et al., 2001 ) was identified with all databases but a magnesium transporter (Li et al., 2001 ) and a putative mechanosensitive channel (Haswell and Meyerowitz, 2006) were only seen in the pea database. Two ABC transporters, PAA1 (Shikanai et al., 2003) and HMA1 (Seigneurin-Berny et al., 2006) , which import copper and possibly other metal ions into the chloroplast, could be identified with the pea database but not with either of the nonspecies-specific databases. Three other ABC type transporters were sufficiently conserved for identification with all three databases. For the import apparatus, all canonical components that are known to date (Gutensohn et al., 2006) were identified with the pea database except for Tic21 (Teng et al., 2006) , which was recently assigned the function of an iron transporter (Duy et al., 2007) . With the Medicago database the majority of import complex components could be identified but with the Arabidopsis database only four components were identified. Of the plastid division machinery, PDV2 and MinE were found with the pea database (Glynn et al., 2007; Miyagishima et al., 2006) , whereas another component, Arc 6 that has been identified previously (Froehlich et al., 2003) , was not identified, but was also only present as a highly fragmented sequence in the pea database. Several likely membrane associated proteins involved in fatty acid and membrane lipid metabolism were identified. For fatty acid synthesis and modification, acetyl co-enzyme A carboxylase, a fatty acid desaturase (McConn et al., 1994) and a long chain fatty acid coenzyme A ligase (Schnurr et al., 2002) were identified as well as proteins involved in lipid metabolism such as 1,2-diacylglycerol 3-beta-galactosyltransferase for the synthesis of galacto-and UDP-sulfoquinovose:DAG sulfoquinovosyltransferase for synthesis of sulfolipids (SQD2) (Jarvis et al., 2000; Yu et al., 2002) . Most proteins were identified with the pea database but SQD2 was only identified with the nonspecies-specific databases. SQD2 was likely not identified because its sequence is fragmented into several short contigs in the pea database (for a complete list of identified proteins and the capabilities of each database please refer to Supplementary Table 1) . Based on the analysis we conclude that any proteome analysis relying on protein identifications based on a non-species-specific database is limited in its conclusions about the presence of proteins and that generating a species-specific database even if it is of low quality can massively enhance protein discovery.
